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Extreme weather event attribution predicts 
climate policy support across the world
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Sebastian Berger    8, John Besley    9, Cameron Brick    10,11, Marina Joubert    12, 
Edward W. Maibach    13, Sabina Mihelj    14, Naomi Oreskes3, Mike S. Schäfer    6, 
Sander van der Linden15 & TISP Consortium*

Extreme weather events are becoming more frequent and intense due to 
climate change. Yet, little is known about the relationship between exposure 
to extreme events, subjective attribution of these events to climate change, 
and climate policy support, especially in the Global South. Combining 
large-scale natural and social science data from 68 countries (N = 71,922), we 
develop a measure of exposed population to extreme weather events and 
investigate whether exposure to extreme weather and subjective attribution 
of extreme weather to climate change predict climate policy support.  
We find that most people support climate policies and link extreme weather 
events to climate change. Subjective attribution of extreme weather was 
positively associated with policy support for five widely discussed climate 
policies. However, exposure to most types of extreme weather event did 
not predict policy support. Overall, these results suggest that subjective 
attribution could facilitate climate policy support.

Climate change is increasing the frequency and intensity of extreme 
weather events (defined as an event that is rare at a particular place 
and time of year1), which puts a substantial proportion of the global 
population at physical and economic risk1. The cost of extreme weather 
events attributable to climate change is estimated at US$143 billion per 
year2. The impacts of extreme weather events are disproportionately 
felt in countries in the Global South3. Even though the Global South 
is at greater risk, attribution studies and social science research on 
human responses to such events overwhelmingly focus on countries 
and populations in the Global North4–6.

Mitigative action is needed to slow climate change and mitigate 
the impacts of extreme weather events. So far, global efforts have been 
insufficient, which calls for more stringent climate policies. Public 
support for climate policies is important because such support can 
drive governmental policy outputs7 and policymakers often respond 
to public demand for climate policies8.

The psychological distance of climate change (that is, the per-
ception that climate change is spatially, temporally and socially dis-
tant) may help explain societal inaction on this issue9. If so, public 
awareness and understanding of climate change may increase as 
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types of extreme weather event. This limitation is considerable, as a 
meta-analysis found notable differences in effect sizes depending on 
the type of extreme weather event32.

The inconsistency of previous studies might also be explained 
by another important factor: whether people attribute the extreme 
weather event to climate change6,11,31,33–35. Recent studies support this 
hypothesis: people who attribute extreme weather events to climate 
change are more likely to perceive climate change as a risk and to 
report engaging in mitigation behaviour36,37. For example, a study in 
the United Kingdom found that the subjective attribution of floods to 
climate change is a necessary condition for the experience of floods 
to translate into climate change threat perception36. However, no 
cross-country evidence exists on the subjective attribution of extreme 
weather events to climate change.

Current study
We combined natural and social science approaches to examine 
how extreme weather events and their attribution to climate change 
relate to support for widely discussed climate change mitigation 
policies across 68 countries (N = 71,922). This study employed an 

more people experience extreme weather events for themselves10–15. 
However, previous studies on the relationship between experienc-
ing extreme weather events and climate change action and beliefs 
have produced inconsistent findings. In particular, some studies 
have found that experiencing extreme weather events increases cli-
mate change belief16, concern11,17–19, support for climate policies and 
green parties17,20–23, and climate change adaptation24, while other 
studies found no relationship6,25–27. Studies using aggregate objec-
tive measures of exposure to and impacts of extreme weather events 
often find no effect of extreme weather experience on climate change 
attitudes25,26,28. For example, one US study found that living in an area 
with higher fatalities from extreme weather events was associated with 
perceiving more climate risks29, while another US study found that 
fatalities from extreme weather events were not associated with opin-
ions about climate change30. However, these studies used different 
definitions and measurements of extreme weather events, and these 
extreme weather events were compared with different psychological 
and behavioural outcomes27. Further, most studies have focused on a 
single country31 or a single type of extreme weather event (for example, 
heatwaves), which limits the comparability of the impacts of different 
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Fig. 1 | Global evidence of the support for climate policies. a, Weighted 
response probabilities for single items measuring support for climate policies.  
b, Mean support for climate policies in 66 countries (climate policy support 

was not measured in Argentina and Malaysia). Participants were asked: “Please 
indicate your level of support for the following policies.” Response option ‘not 
applicable’ is not shown. No data were available for countries shaded in light grey.
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interdisciplinary design by triangulating data on exposed popula-
tions computed using the probabilistic CLIMADA risk modelling 
platform38,39 with global survey data on subjective attribution of 
extreme weather events and support for climate policies collected 
in the Trust in Science and Science-related Populism (TISP) study40. We 
used a standardized metric to comparatively assess the relationship 
between the size of exposed populations to several extreme weather 
events—river floods, heatwaves, European winter storms, tropical 
cyclones, wildfires, heavy precipitation and droughts—and climate 
policy support. Specifically, we modelled how many people in a coun-
try were exposed to extreme weather events over the past few decades 
relative to the total population. We referred to this as the ‘exposed 
population’ (see Online Methods).

Our preregistered study addressed the following research ques-
tions: (1) Does exposure to extreme weather events on the population 
level relate to climate policy support? (2) Do subjective attribution 
and exposed population have an interactive effect on policy support? 
In addition, we addressed the following non-preregistered questions: 
(1) What is the level of public support for five climate policies across 
countries? (2) To what degree do people attribute extreme weather 
events to climate change across countries (subjective attribution) and 
is subjective attribution related to policy support?

We hypothesized that people who live in countries with higher 
exposure would show stronger support for mitigative climate poli-
cies, and that the relationship between exposed population and policy 
support would be stronger for individuals with higher subjective attri-
bution. We also hypothesized that the relationship between exposed 
population and policy support is associated with people’s income and 
residence area (urban vs rural), which might relate to their adaptation 
potential to extreme events. Note that not all preregistered questions 
are addressed in this paper.

Support for climate policies
We assessed support for the following five climate policies with a 
3-point scale (1 = not at all, 2 = moderately, 3 = very much): Increasing 
taxes on carbon-intense foods, raising taxes on fossil fuels, expanding 
infrastructure for public transportation, increasing the use of sustain-
able energy, and protecting forested and land areas. In line with previ-
ous research, increasing carbon taxes received the lowest support41,42, 
with only 22% and 29% of people, respectively, indicating they very 
much support increased taxes on carbon-intensive foods and fossil 
fuels (Fig. 1a). Protecting forested and land areas, by contrast, was 
a popular policy option, with 82% supporting it very much and only 
3% not supporting it at all. The second most-supported policy was 

increasing the use of sustainable energy, with 75% supporting it very 
much, and only 5% not supporting it at all. For further analyses, we 
combined responses to the five policy options into an index (α = 0.61; 
see factor analysis in Supplementary Table 12 and non-preregistered 
analyses with policy subscales in Supplementary Fig. 7).

A clear majority supported climate policies in all countries (global 
mean (M) = 2.37, s.d. = 0.43 on a scale from 1 = Not at all, 2 = Moderately 
and 3 = Very much). These findings are in line with a previous study 
showing that 89% of participants demand intensified political action 
on climate change43. We calculated mean support by averaging partici-
pants’ support for five policies (see Online Methods and Fig. 1). This 
mean value is representative in terms of gender, age and education due 
to post-stratification weighting (see Online Methods). We found strong 
differences in support across countries and policies (Fig. 1b). Support 
for climate policies was particularly high in African and Asian countries, 
average in Australia, Costa Rica and the United Kingdom, and below the 
global average in several European countries, such as Czechia, Finland 
and Norway (Supplementary Figs. 1–6). Non-preregistered analyses 
comparing our aggregate measure with policy support subscales 
(that is, support for taxes, support for green transition) can be found 
in Supplementary Fig. 7. Our results for the aggregate measure and 
policy subscales were mostly consistent.

Participants who identified as men, were younger, more religious, 
had higher education, higher income, left-leaning politics and who 
lived in urban areas were more likely to support climate policies (Sup-
plementary Tables 1–7 and Fig. 8), in line with previous studies44,45.

Subjective attribution
Participants indicated subjective attribution by rating the degree to 
which they believed that climate change has increased the impact of 
six extreme weather events—droughts, heatwaves, wildfires, heavy 
rain, floods, heavy storms—in their country over the past decades 
(1 = Not at all, 5 = Very much). Responses to the six items were mean 
averaged (α = 0.92). Globally, subjective attribution of extreme 
weather events to climate change was well above the scale midpoint 
in all countries (M = 3.80, s.d. = 1.02). In line with a previous study36, 
non-preregistered analyses showed that subjective attribution was 
positively related to identifying as a woman, being older, more reli-
gious, having higher education and higher income, living in an urban 
(vs rural) area and self-identifying as politically liberal and left-leaning 
(Supplementary Table 8).

There was little variation in subjective attribution across extreme 
event types. Subjective attribution appeared relatively lower for 
wildfires (M = 3.67, s.d. = 1.28) and higher for heatwaves (M = 3.94, 

Subjective attribution
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Fig. 2 | Subjective attribution of extreme weather events to climate change (mean index) over the past decades. Data from 67 countries. Subjective attribution was 
not assessed in Albania. No data were available for countries shaded in light grey.
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s.d. = 1.16). However, subjective attribution varied across global regions 
(Fig. 2). Participants in South American countries most strongly agreed 
that the occurrence of extreme weather events has been affected by 
climate change over the past decades, especially in Brazil and Colombia 
(Supplementary Fig. 9). Subjective attribution was lowest in Northern 
European and African countries (Supplementary Fig. 9). Lower subjec-
tive attribution in African countries could be explained by the fact that 
climate change awareness and belief in human-caused climate change 
are still relatively low across African countries46.

Exposed population and policy support
The size of the exposed population varied by the type of extreme event 
(Fig. 3). While almost all the sampled populations were exposed to 
heatwaves and heavy precipitation over the past decades at least once, 
fewer populations had been exposed to droughts, wildfires and floods. 
Our fully anonymous data did not allow geospatially matching partici-
pants to certain areas where extreme events occurred; we therefore 
do not know whether participants were personally exposed to those 
events and cannot test whether exposure at the individual level relates 
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Fig. 3 | Exposed population across countries over the past few decades. 
Exposed population refers to the average annual proportion of a country’s total 
population exposed to a specific weather-related hazard and averaged over the 
past few decades. The exact time frame varies slightly across events. Exposed 
population is modelled for the 68 countries included in the survey. a, Exposed 

population to droughts. b, Exposed population to European winter storms.  
c, Exposed population to heatwaves. d, Exposed population to heavy 
precipitation. e, Exposed population to river floods. f, Exposed population to 
tropical cyclones. g, Exposed population to wildfires. No data were available for 
countries shaded in light grey.
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to policy support. However, we can reliably estimate whether exposure 
at the population level relates to policy support.

We investigated whether exposure at the country level and subjec-
tive attribution of extreme events at the individual level were associ-
ated with stronger climate policy support. Since we were interested 
in studying how the relationships vary between different types of 
extreme weather event and policy support, we ran seven blockwise 
multilevel regression models—one for each type of extreme weather 
event—predicting an index of climate policy support. Because partici-
pants were clustered within countries, our models included random 
intercepts across countries. Step 1 of the blockwise regression included 
socio-demographic variables and exposed population. In Step 2, we 
added subjective attribution for the specific event and three interaction 
terms: exposed population × subjective attribution, exposed popula-
tion × income and exposed population × residence area.

Belief that climate change has impacted local extreme weather 
events predicted support for climate policy (Fig. 4). Random effects 
models show that the relationship between subjective attribution 
and policy support was significantly stronger in North America,  
Australia and in several European countries than the mean global 
effect, and significantly weaker in Peru and South Africa (Supple-
mentary Figs. 10–16).

For five out of the seven extreme weather events, exposed popu-
lation size did not predict policy support (Fig. 4 and Supplementary 
Tables 1–7). However, people in countries more exposed to wildfires 
were more supportive of climate policies (Supplementary Table 5). 
Conversely, people in countries more exposed to heavy precipitation 
were less supportive of climate policies (Supplementary Table 3). We 
conducted additional exploratory, non-preregistered robustness 
checks to investigate whether exposed population and land area, as 
well as exposed population and climate change belief at the coun-
try level had an interactive effect on policy support. Since climate 
change belief was not assessed in this study, we relied on country-level 
data from another study47, available for 48 countries included in this 
study. The relationship between exposure to heavy precipitation/
wildfires and policy support was no longer statistically significant 
when controlling for beliefs and land area, while the relationship 
between subjective attribution and policy support remained signifi-
cant (Supplementary Fig. 17). Therefore, the relationship between 

exposure to wildfires/heavy precipitation and policy support should 
be interpreted with caution.

We tested whether exposed population size and subjective attribu-
tion interacted to predict policy support, as investigated in previous 
studies33,36,37. We found that the relationship between exposed popu-
lation and policy support was stronger for participants with higher 
attribution of heatwaves and tropical cyclones, whereas the relation-
ship between exposed population and policy support was weaker 
for participants with higher attribution of heavy precipitation and 
European winter storms. However, we found the opposite interaction 
effect for river floods, droughts and wildfires: as subjective attribution 
increases, the relationship between exposed population and policy 
support weakens. In other words, for individuals with high subjective 
attribution, support for policies is already high and less dependent 
on exposure to these extreme events. In contrast, for individuals with 
low subjective attribution, support for policies increases with higher 
exposure to droughts, floods and wildfires (Fig. 5).

These findings are in tension with the results of previous studies, 
which reported a positive moderation effect for flooding36, a nega-
tive moderation effect for hurricanes33 and no moderation effect for 
wildfires37.

Interaction effects with income and residence area
Our seven multilevel models each included interaction effects for 
exposed population × income and exposed population × residence 
area. We found significant interactions with small effect sizes for river 
floods and wildfires, but not for any other events. For river floods, we 
found a negative interaction effect with income and a positive interac-
tion with urban areas (Supplementary Table 4). This indicates that the 
relationship between exposed population size and policy support was 
stronger for individuals with lower income as well as for individuals 
who live in urban areas. For wildfires, we found a positive statistical 
effect for income, meaning that the relationship between exposed 
population and policy support was stronger for richer individuals 
(Supplementary Fig. 18).

Discussion
This study provides global evidence that subjective attribution of 
extreme weather events to climate change is associated with greater 
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policy support for climate mitigation. Overall, different extreme 
weather events appear to have different relationships with climate 
policy support. This pattern highlights the importance of comparative 
analyses that consider different types of event.

We additionally provide evidence that subjective attribution is 
high, and particularly so in Latin America. This might be explained by 

the fact that belief in human-caused climate change and self-reported 
personal experience of extreme weather events are high in Latin 
America48, and that people in Latin American countries were among 
the most likely to report that climate change will harm them and future 
generations a great deal and that climate change should be a high prior-
ity for their government49. The finding that the relationship between 
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subjective attribution and policy support was weaker in some Latin 
American countries might therefore be due to a ceiling effect

In line with previous studies36, we also found that subjective attri-
bution interacts with exposure to European winter storms, heatwaves, 
heavy precipitation and tropical cyclones to predict climate policy 
support. Mere exposure to extreme weather events might therefore 
not suffice to increase policy support unless individuals link these 
events to climate change30. While larger exposure to extreme events 
was not found to be related to policy support (except for wildfires), 
we cannot rule out that changes in the frequency of extreme weather 
events over time might be sufficient to shift support. Nevertheless, 
our data suggest that if individuals attribute extreme weather events 
to climate change, support for climate policies is higher regardless of 
whether the events are more frequent. The reverse causal relationship 
is also possible: people who are supportive of climate policies are more 
likely to attribute extreme weather to climate change. Longitudinal 
panel studies are needed to investigate the nature and direction of 
this relationship.

These findings might also help explain previous inconsistent 
results on the relationship between extreme weather event experi-
ence and mitigation behaviour. Few of these studies assessed whether 
participants linked these events to climate change, therefore missing 
a key controlling variable. Consequently, we strongly recommend 
that future studies assess subjective attribution. We found a negative 
relationship between exposed population to heavy precipitation and 
policy support in our preregistered model. Subjective attribution was 
relatively low for heavy precipitation. This corroborates previous find-
ings that people often fail to link extreme rainfall with climate change10. 
In line with this argument, a media analysis that investigated themes 
in climate change coverage in 10 countries (2006–2018) found that 
media reporting on extreme weather events mostly focused on weather 
anomalies, as well as fires, hurricanes and storms50. Countries more 
exposed to heavy precipitation might therefore be less willing to sup-
port climate policies because they are less likely to link those events to 
climate change. Our moderation analyses show that the negative effect 
of heavy precipitation exposure on policy support is strongest for peo-
ple with low subjective attribution. This further highlights the need for 
more research on climate change communication on types of extreme 
weather event that are not typically associated with climate change, 
such as heavy precipitation, as these events might serve as ‘teachable 
moments’15. However, it should be noted that the relationship between 
exposure to heavy precipitation and policy support was no longer 
significant in our exploratory analyses that included the interactions 
of exposed population with land area and climate change belief. This 
finding should therefore be interpreted with caution.

Wildfires are the only type of extreme weather event that posi-
tively predicts climate policy support when controlling for subjective 
attribution, although this effect was no longer significant in mod-
els that included interaction effects for exposure with land area and 
climate change belief. Several previous studies similarly reported a 
positive relationship between wildfire exposure and climate policy 
support23,37,51,52. This positive relationship could be explained by the 
fact that wildfires often result in extensive and visible damage51, and are 
linked to personal health concerns due to smoke exposure53. Another 
study found that among Australian adults who directly experienced 
wildfires, 45% increased individual climate activism, providing further 
evidence of the effects of wildfires on behavioural intentions54.

Contrary to our hypothesis, the relationship between exposed 
population and policy support was weaker for individuals with higher 
subjective attribution of droughts, floods and wildfires. One pos-
sible explanation is that these three types of extreme weather event 
allow for management strategies that can directly reduce the haz-
ard itself, such as man-made flood protections, irrigation systems, 
prescribed burn-offs and land-use policies. Therefore, people may 
be more likely to support policies pertaining to law enforcement or 

economic regulations instead of climate change mitigation55,56. In 
contrast, although heavy precipitation, storms and heatwaves are 
exacerbated by climate change and can be mitigated by addressing it, 
once they occur, we can only manage their impacts, not prevent their 
occurrence. Future research should investigate these interactions and 
explore the possibility that the size of the exposed population moder-
ates the relationship between subjective attribution and policy sup-
port, rather than subjective attribution moderating the effect between 
the size of the exposed population and policy support.

Our measure of exposed population has strengths and limita-
tions. While the standardized metric of exposed population allows 
the comparison of the impacts of different events across countries, it 
is a relative measure (that is, to a country’s total population) and does 
not reflect the severity of exposure or the potential for individuals to 
be repeatedly exposed to different events. Further, the measure does 
not consider the exposure to compound events57, that is, when two 
or more events occur in an interacting combination. No conclusions 
can be drawn as to whether the participants in the study were directly 
exposed to these events. This measure therefore reflects the broader 
population-level exposure to these events, rather than individual-level 
exposure. The data cannot speak to whether exposure at the individual 
level relates to policy support. However, it can be reliably concluded 
that exposure at the population level did not relate to policy support. 
Some extreme weather events are less likely to be experienced directly 
(for example, floods or hurricanes), but they still receive widespread 
media coverage. The approach of analysing exposure at the population 
level therefore allows the study of effects that go beyond individual 
exposure to events. It should be noted that for some extreme weather 
events (for example, heatwaves and heavy precipitation), variance was 
very low, given that most people were affected by these events at some 
points over the past few decades (Supplementary Table 9).

Since the measure of exposed population included the past few 
decades, the estimates here are probably conservative for the effects 
of exposure. Researchers have found that temporal proximity of an 
event matters for climate change concern: the more recent an event, 
the larger the impact on climate change concern18. Since some of these 
events occur infrequently (for example, tropical cyclones), longer time 
frames such as in this study have the advantage that they allow the com-
parison of the effects of several different events in a global context58.

With the use of a measure of exposure to extreme weather events 
at the population level, this article finds that subjective attribution 
predicts climate policy support, while exposure to five out of the seven 
extreme events considered in this study does not predict policy sup-
port. Overall, ensuring subjective attribution might be an important 
way to increase support for climate policies37. Experimental research 
could focus on finding effective communication strategies to increase 
subjective attribution among the public to help develop causal models 
(for example, ref. 59). Extreme weather events are increasingly linked 
to climate change in news and social media50,60–63, but more research is 
needed to study communication of extreme weather events and their 
attribution in the Global South62,64.
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Methods
Dataset
This study relies on the dataset collected for the TISP Many Labs 
study40. Detailed information on the data collection strategy can be 
found in ref. 65. Participants were asked to carefully read a consent form 
(approved under IRB protocol number IRB22-1046), which included 
some general information about the study and the anonymity of the 
data. Only participants who consented to participating in the study 
were allowed to proceed with the study.

Sample and weighting
Data were collected in surveys that used quotas for age (five bins: 20% 
18–29 years, 20% 30–39 years, 20% 40–49 years, 20% 50–59 years, 20% 
60 years and older) and gender (two bins: 50% men, 50% women). To 
generate models with parameters that are representative for target 
populations in terms of gender, age and education, and have more pre-
cise standard errors, we used post-stratification weights. Specifically, 
we computed post-stratification weights at country level, sample size 
weights for each country, post-stratification weights for the complete 
sample, and rescaled post-stratification weights for multilevel analyses.

Main measures included in the questionnaire
Climate policy support. Participants were asked: “Many countries 
have introduced policies to reduce carbon emissions and mitigate 
climate change. This can include the implementation of laws aiming 
to reduce greenhouse gases, for example. Please indicate your level 
of support for the following policies: 1) Raising carbon taxes on gas 
and fossil fuels or coal, 2) Expanding infrastructure for public trans-
portation, 3) Increasing the use of sustainable energy such as wind 
and solar energy, 4) Protecting forested and land areas, 5) Increasing 
taxes on carbon intense foods (for example, beef and dairy products).” 
Response options ranged from 1 = Not at all, 2 = Moderately, 3 = Very 
much, and 4 = Not applicable. Response option 4 was coded as missing 
for the analyses.

Subjective attribution. Participants were asked: “The next questions 
are about climate change and weather events. When you answer them, 
please think about your country. To what extent do you think that cli-
mate change has increased the impact of the following weather events 
over the last decades? 1) Floods, 2) Heatwaves, 3) Heavy storms, 4) 
Wildfires, 5) Heavy rain, 6) Droughts.” Response options ranged from 
1 = Not at all, to 5 = Very much.

See ref. 65 for a detailed overview of the other measures.

Analyses. We submitted a detailed preregistration including research 
questions, hypotheses and an analysis plan to OSF (https://doi.
org/10.17605/OSF.IO/G23A7) before data collection on 15 November 
2022.

To estimate the relationships between subjective attribution, 
exposed population and three interaction terms (exposed popula-
tion × subjective attribution; exposed population × income log (US$); 
exposed population × residence area (urban vs rural)), we used block-
wise multilevel regression models with random intercepts across coun-
tries. In addition, we computed models with random effects to estimate 
how the effects of subjective attribution on climate policy support 
varied across countries. We scaled all independent variables by country 
means and country s.d.s, except for the country-level variable ‘exposed 
population’, which we scaled with grand means and grand s.d.s.

We estimated the reliability of our two scales: subjective attribu-
tion and climate policy support. Scale reliability of subjective attribu-
tion in the global sample was very high, with Cronbach’s alpha = 0.92 
and omega = 0.92. An overview of the reliability of subjective attribu-
tion across 67 countries (ranging from omega = 0.74 to omega = 0.95) 
can be found in Supplementary Table 10. Scale reliability of climate 
policy support in the global sample was acceptable, with Cronbach’s 

alpha = 0.61 and omega = 0.62. An overview of the reliability of climate 
policy support across 66 countries (ranging from omega = 0.40 to 
omega = 0.75) can be found in Supplementary Table 11. To further assess 
the robustness of our policy support scale, we ran a polychoric paral-
lel analysis with principal axis factoring to inspect how many factors 
should be retained for an exploratory factor analysis (EFA). The paral-
lel analysis determined that two factors should be kept for an EFA. We 
therefore ran an EFA with unweighted least squares factoring and pro-
max oblique rotation to inspect two factor loadings (Supplementary 
Table 12). Our items clearly loaded on two factors, with items relating 
to the expansion of public transport, protected areas and increasing 
renewable energy loading on Factor 1 (labelled as ‘Green transition’) 
and the two items related to increasing taxes on meat and dairy and 
fossil fuels loading on Factor 2 (labelled as ‘Taxes’). The Taxes subscale 
had good internal reliability (omega = 0.73). The Green transition 
subscale had moderate, but still acceptable reliability (omega = 0.61), 
comparable with the reliability of the aggregate scale (omega = 0.62).

We further conducted three non-preregistered robustness checks. 
Specifically, we examined whether our results are robust to the inclu-
sion of an interaction between land area of countries (in square kilo-
metres) and exposed population, an interaction between country-level 
climate change belief and exposed population, and across the two 
climate policy support subscales (Taxes and Green Transition). Data 
on climate change belief were retrieved from the Climate Many Labs 
study as processed by Our World in Data66, while data on land area were 
retrieved from multiple sources compiled by World Bank (2024) and 
processed by Our World in Data67. Data on land area for Taiwan was 
retrieved from ref. 68. The term ‘country’ in this Article refers to both 
sovereign states and territories not recognized as such.

Impact model CLIMADA
In this study, we used the open-source, probabilistic CLIMADA  
(CLIMate ADAptation) risk modelling platform38,39 for the spatially 
explicit computation of exposed population from different hazards on 
a grid at 150 arc-seconds (~4.5 km at the equator) resolution. CLIMADA 
was designed to simulate the interaction of climate and weather-related 
hazards, the exposure of assets or populations to this hazard, and the 
specific vulnerability of exposed infrastructure and people in a globally 
consistent fashion. The platform has been developed and maintained as 
a community project, and the Python 3 source code is openly available 
under the terms of the GNU General Public License (v.3)39.

Exposure
We used the Gridded Population of the World (GPW) dataset v.4.11,  
published in 2020 (CIESIN, 2018)69, to map population exposure  
across the 68 countries. The GPW dataset was chosen for its high spatial 
resolution and its comprehensive and consistent coverage, providing 
population count estimates at a granularity of 30 arc-seconds (~1 km 
at the equator), which we aggregated to match the 150-arc-second 
resolution used in our risk model.

Hazards
Seven types of extreme weather event were analysed in this study: 
droughts, river floods, heatwaves, heavy precipitation, tropical 
cyclones, wildfires and European winter storms, which form the input 
hazard layer in our risk model. We computed the exposed population 
to these events. Detailed information on the definition of each event, 
data sources, the years covered and other relevant details for each type 
of extreme weather event are provided in Supplementary Table 13.

Each hazard in this study was defined on the basis of its unique 
characteristics and the potential impact it has on the exposed popula-
tion, with the chosen underlying datasets ensuring consistent coverage 
across all countries involved. Some of these hazards were evaluated 
in an event-based perspective (for example, tropical cyclones, wild-
fires), while others were assessed as annually aggregated measures 
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(for example, river floods, heatwaves). Hazards were inferred either 
from historical records (tropical cyclones, European winter storms, 
wildfires), climate reanalyses of a reference period (heatwaves, heavy 
precipitation) or historical climate modelling (droughts, river floods). 
In instances where multiple (climate) models contribute to the haz-
ard modelling, we computed the multimodel median impact on the 
exposed population.

For drought, we utilized a ‘long-term’ definition based on soil 
moisture70, a methodology that primarily captures agricultural 
impacts, potentially leading to indirect effects on populations. Fur-
thermore, the dataset provides annual maxima, without representing 
single drought events, which potentially limits the depth of our risk 
analysis for certain areas.

In the case of river floods, the datasets used in this study represent 
large rivers and fluvial floods, while coastal or pluvial floods are not 
included70,71. We note that ‘heavy precipitation’ as a different hazard 
may serve as a proxy for pluvial or flash floods. Besides, there was a 
potential overestimation of affected areas due to the methodology of 
considering full grid cells as affected.

For heatwaves and extreme precipitation events, we characterized 
the hazards on the basis of deviations from the 20-year reference period 
1980–1999. We utilized ERA-5 reanalysis data to display observed trends 
as changes between the reference period and the more recent 20-year 
period 2000–201972. Finally, changes were displayed as the multimodel 
median.

Wildfires of the historical period 2000–2019 were assessed using 
satellite imagery to derive thermal anomalies. A grid cell was con-
sidered affected if the temperature exceeded 300 K73. The historical 
period is determined by the data availability through the MODIS satel-
lite mission. The approach does not distinguish between intentional 
and unintentional fires, and the dataset captures gridpoint-specific 
annual maxima only.

Finally, in our preregistration, we broadly categorized tropical 
cyclones and European winter storms under the umbrella term ‘storms’. 
Typically, tropical cyclones prevail in tropical and subtropical regions, 
while our modelled winter storms are predominantly observed in 
Europe. Given their distinct geographical occurrences, the impacts of 
these two storm types can be considered additive or complementary. 
However, tropical cyclone impacts in higher latitudes, where storms 
often undergo extratropical transition (for example, Sandy in 2012, 
Dorian in 2019, Fiona in 2020), were included in the tropical cyclone 
category due to their origin. While this classification ensured consist-
ency with our framework, modelling these exposures carries higher 
uncertainty compared with the tropics and subtropics. In addition, 
storm impacts are expressed relative to population size, which may lead 
to disproportionately high exposure percentages in regions with low 
population density compared with densely populated areas experienc-
ing similar storm frequencies. We relied on historical records to assess 
the impacts of both storm hazards74,75, and readers should interpret the 
results for higher latitudes with these considerations in mind.

Definition of exposed population
In this study, we defined ‘exposed population’ as the average annual 
proportion of a country’s total population exposed to a specific 
weather-related hazard within a given time period. An overview of time 
periods can be found in Supplementary Table 13. This was calculated 
by summing the number of individuals in each 150-arc-second grid cell 
who have experienced the hazard at least once during the study period 
and then dividing this sum by the country’s total population, based on 
the GPW dataset. Therefore, this metric is relative and does not reflect 
the severity of exposure or the potential for individuals to be repeat-
edly impacted by different events. In addition, in large countries such 
as the United States, different hazards may affect different regional 
populations (for example, wildfires on the West Coast versus tropi-
cal cyclones in the East) which, unfortunately, is not captured in our 

country-level aggregation. The exposed population is presented as a 
percentage of the total population, providing a standardized measure 
for comparative analysis across the 68 countries included in our study.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The dataset on subjective attribution and policy support analysed 
during the current study is available in the Open Science Framework 
(OSF) repository at https://doi.org/10.17605/OSF.IO/5C3QD (ref. 76). 
The dataset on exposed populations to extreme weather events gen-
erated and analysed during the current study is available in OSF at  
https://doi.org/10.17605/OSF.IO/G23A7 (ref. 77).

Code availability
The analysis code is available in OSF at https://doi.org/10.17605/OSF.
IO/G23A7 (ref. 77).

References
65. Mede, N. G. et al. Perceptions of science, science communication, 

and climate change attitudes in 68 countries – the TISP dataset. 
Sci. Data 12, 114 (2025).

66. Share of People Who Believe in Climate Change and Think It’s a 
Serious Threat to Humanity, 2023 (Our World in Data, 2024).

67. Land Area in Square Kilometres (Our World in Data, 2024);  
https://ourworldindata.org/grapher/land-area-km

68. Area (Taiwan and outlying islands). Taiwan.gov.tw https://www.
taiwan.gov.tw/about.php (2024).

69. CIESIN. Gridded population of the world, version 4 (GPWv4): 
basic demographic characteristics, revision 11. SEDAC  
https://doi.org/10.7927/H46M34XX (2018).

70. Lange, S. et al. Projecting exposure to extreme climate impact 
events across six event categories and three spatial scales.  
Earths Future 8, e2020EF001616 (2020).

71. Sauer, I. J. et al. Climate signals in river flood damages emerge 
under sound regional disaggregation. Nat. Commun. 12, 2128 
(2021).

72. Hersbach, H. et al. The ERA5 global reanalysis. Q. J. R. Meteorol. 
Soc. 146, 1999–2049 (2020).

73. Lüthi, S., Aznar-Siguan, G., Fairless, C. & Bresch, D. N. Globally 
consistent assessment of economic impacts of wildfires in 
CLIMADA v2.2. Geosci. Model Dev. 14, 7175–7187 (2021).

74. Knapp, K. R., Kruk, M. C., Levinson, D. H., Diamond, H. J. & 
Neumann, C. J. The International Best Track Archive for Climate 
Stewardship (IBTrACS) (NOAA National Centers for Environmental 
Information, 2010); https://doi.org/10.1175/2009BAMS2755.1

75. Röösli, T. The Impact of Winter Storms in Switzerland—Prototyping 
Decision-Support Tools. PhD thesis, ETH Zurich (2021).

76. Mede, N. G. & Cologna, V. The TISP dataset. OSF https://doi.org/ 
10.17605/OSF.IO/5C3QD (2023).

77. Cologna, V. Extreme weather event attribution predicts climate 
policy support across the world. OSF https://doi.org/10.17605/
OSF.IO/G23A7 (2024).

Acknowledgements
We thank H. Karami (University of Zurich) for managing the author list. 
I.R. and C.T.-E. were supported by ANR PICS; A.F.-B. was supported 
by Aarhus University Research Foundation grant AUFF-E-2019-9-13; 
P.M. was supported by Aarhus University Research Foundation grant 
AUFF-E-2019-9-2; R. Bardhan was supported by Africa Albarado 
Fund, Cambridge Africa ESRC GCRF, and UKRI ODA International 
Partnership Fund; J.P. Reynolds was supported by Aston University, 
and UK Research and Innovation (UKRI) under the UK government’s 

http://www.nature.com/natureclimatechange
https://doi.org/10.17605/OSF.IO/5C3QD
https://doi.org/10.17605/OSF.IO/G23A7
https://doi.org/10.17605/OSF.IO/G23A7
https://doi.org/10.17605/OSF.IO/G23A7
https://doi.org/10.17605/OSF.IO/G23A7
https://ourworldindata.org/grapher/land-area-km
https://ourworldindata.org/grapher/land-area-km
https://www.taiwan.gov.tw/about.php
https://www.taiwan.gov.tw/about.php
https://doi.org/10.7927/H46M34XX
https://doi.org/10.7927/H46M34XX
https://doi.org/10.1175/2009BAMS2755.1
https://doi.org/10.17605/OSF.IO/5C3QD
https://doi.org/10.17605/OSF.IO/5C3QD
https://doi.org/10.17605/OSF.IO/G23A7
https://doi.org/10.17605/OSF.IO/G23A7


Nature Climate Change

Article https://doi.org/10.1038/s41558-025-02372-4

Horizon Europe funding guarantee EP/X042758/1; N.L. and R.M.R. 
were supported by Australian Research Council grant DP180102384, 
and John Templeton Foundation grant number 62631; O. Ghasemi 
was supported by Australian Research Council grant DP190101675; 
U.K.H.E. was supported by Australian Research Council grant 
FT190100708; D.D., A.G., D.G. and E.K. were supported by the Basic 
Research Program at the National Research University Higher School 
of Economics (HSE University); R.D. was supported by Bill and 
Melinda Gates Foundation grant OPP1144, a Cambridge Humanities 
Research Grant, CRASSH grant fund for climaTRACES lab, the 
Keynes Fund, the UKRI ODA International Partnership Fund, and the 
Quadrature Climate Foundation; T.C. and M.M. were supported by 
Boston University (Startup Funds); F.A. was supported by CNPq - 
INCT (National Institute of Science and Technology on Social and 
Affective Neuroscience, grant number 406463/2022-0); K.C.D. was 
supported by a COVID-19 Rapid Response grant from the University 
of Vienna, and Austrian Science Fund grant FWF I3381; C.L., J.P.N., 
E.P. and B.T. were supported by a COVID-19 Rapid Response grant 
from the University of Vienna, and Austrian Science Fund grants 
FWF I3381 and W1262-B29; R.M.A. was supported by Caltech RSI; C. 
Farhart was supported by Carleton College; C.L.-V. was supported by 
Cayetano Heredia University; H.H. and S. Kristiansen were supported 
by the Center for Climate and Energy Transformation, University of 
Bergen, Norway; C.G.B. and A.C.H.-M. were supported by Conacyt 
grant A1S9013; O.K. was supported by a Concerted Research 
Action grant from the Fédération Wallonie-Bruxelles (Belgium) (‘The 
Socio-Cognitive Impact of Literacy’); J.S. was supported by Core ETHZ 
funding and Swiss Agency for Development and Cooperation (SDC) 
grant 7F09521; E.A. was supported by Department of Economics, 
University of Warwick; H.G. was supported by the Department of 
Psychology, University of Sheffield; C.D. and F.G.R. were supported 
by Deutsche Forschungsgesellschaft grant RE 4752/1-1, and the 
David and Claudia Harding Foundation; I.M.A. was supported by the 
EDCTP2 Programme (TMA2020CDF-3171), and BMGF (INV075699); 
K.M.D. was supported by European Research Council Advanced 
Grant ‘Consequences of conspiracy theories - CONSPIRACY_FX’ grant 
101018262; J.R. was supported by European Union’s Horizon 2020 
Research and Innovation Programme under grant agreement number 
101006436 (GlobalSCAPE); S. Meiler, C.M.K. and S.L. were supported 
by European Union’s Horizon 2020 research and innovation program 
grant agreement numbers 820712 (PROVIDE), 101073978 (DIRECTED) 
and 101081369 (SPARCCLE); G.H. was supported by Faculty Research 
Grant of City University of Hong Kong grant PJ9618021; O.S. and 
R.R.S. were supported by Fundação para a Ciência e a Tecnologia, 
UIDB/04295/2020 and UIDP/04295/2020; E.G. was supported by 
Government of Alberta Major Innovation Fund grant RES0049213; J.N. 
was supported by HELTS Foundation (USA); K. Breeden was supported 
by Harvey Mudd College; T.K.R. and K. Pštross were supported by 
the Institute of Communication Studies and Journalism, Charles 
University; H.F. was supported by Internal project costs IWM; M. Tanaka 
was supported by JST-RISTEX ELSI grant number JPMJRX20J3, and 
the Hitachi Fund Support for Research Related to Infectious Diseases; 
G.C. and E. Szumowska were supported by Jagiellonian University; M. 
Alfano and M. Ferreira were supported by John Templeton Foundation 
number 61378, John Templeton Foundation grant number 62631, 
and Australian Research Council DP1901015077; A. Krouwel was 
supported by Kieskompas.nl; M. Tsakiris was supported by the NOMIS 
Foundation; R.M. was supported by NOMIS Foundation/Leverhulme 
International Professorship Grant LIP-2022-001; T.K., K. Petkanopoulou 
and J.v.N. were supported by the NORFACE Joint Research Programme 
on Democratic Governance in a Turbulent Age, NWO, and European 
Commission through Horizon 2020 grant 822166; A.R. was supported 
by National Science and Technology Council, Taiwan (ROC) grant 
112-2628-H-002-002 and 113-2628-H-002-018-; D.J. and A.D.W. were 
supported by Nicolaus Copernicus University; N.I. was supported by a 

Research grant from the College of Social Sciences, Kimep University; 
E.B., P.K. and A.Z. were supported by SNSF (VAR-EXP); O. Białobrzeska 
and M. Parzuchowski were supported by SWPS University; M.E. was 
supported by a School of Economics Interdisciplinary funding at 
University of Birmingham; C.A.J. and C.H.L. were supported by the 
School of Geography, Planning and Spatial Sciences, University of 
Tasmania; and the Centre for Marine Socioecology, University of 
Tasmania; E.J.N. and S.K.S. were supported by the School of Medicine 
and Psychology, Australian National University; M.D.M. was supported 
by School of Psychology and Public Health Internal Grant Scheme 
2022; I.A. was supported by the School of Psychology, University 
of Sheffield; Beasiswa Pendidikan Indonesia Kemendikbudristek 
- LPDP provided by Balai Pembiayaan Pendidikan Tinggi (BPPT) 
Kemdikbudristek and LPDP Indonesia; R. Bhui was supported by the 
Sloan School of Management, Massachusetts Institute of Technology; 
O. Buchel was supported by Slovak Research and Development 
Agency (APVV), contract number APVV-22-0242; N.M.L. was 
supported by Social Sciences and Humanities Research Council 
grant number 430-2022-00711; M.P.-C. was supported by Statutory 
Funds from University of Silesia in Katowice; A.C.V. and L. Kojan were 
supported by OptimAgent (German Federal Ministry of Education 
and Research, Funding Code: 031L0299D) and the University of 
Lübeck; P.P. was supported by Swedish Research Council grant 
2020-02584; L.S. was supported by Swiss Agency for Development 
and Cooperation (SDC) grant 7F09521; S.B. was supported by the 
Swiss Federal Office of Energy (SI/502093–01); J.L.G. was supported 
by Swiss National Science Foundation PRIMA Grant PR00P1_193128; 
V.C. was supported by Swiss National Science Foundation Postdoc 
Mobility Fellowship P500PS_202935, Harvard University Faculty 
Development Fund, and SPEED2ZERO Joint Initiative that received 
support from the ETH Board under the Joint Initiatives scheme; E.W.M. 
was supported by The HELTS Foundation; G.R. was supported by 
The São Paulo Research Foundation – FAPESP grant 2019/26665-5, 
and CNPq - INCT (National Institute of Science and Technology on 
Social and Affective Neuroscience, grant number 406463/2022-0); 
M. Facciani and T.W. were supported by USAID; F.M.-R. was supported 
by Universidad Peruana Cayetano Heredia; D.A. was supported 
by Universitas Islam Negeri Sunan Kalijaga; S.J. and S.J.M. were 
supported by the University of Bamberg; J.M.M. was supported by the 
University of Delaware; M.D. and I.W. were supported by the University 
of Lodz; A. Koivula and P.R. were supported by the University of Turku; 
M.B. and P.H. were supported by the University of Warsaw; A.P. and 
E.Z.-P. were supported by the University of Warsaw under the Priority 
Research Area V of the ‘Excellence Initiative – Research University’ 
programme; M.S.S. was supported by the University of Zurich/IMKZ; 
T. Ostermann and J.P. Röer were supported by the University research 
budget; A. Bajrami and R.T. were supported by University ‘Aleksandër 
Moisiu’, Durrës; S. Schulreich was supported by Universität Hamburg; 
L.S.K. was supported by the Victoria University of Wellington; H.K. was 
supported by Zhangir Kabdulkair.

Author contributions
V.C., S. Meiler, C.M.K., S.L., N.G.M., D.N.B., S.B., J.B., C.B., M.J., E.W.M., 
S. Mihelj, N.O., M.S.S. and S.v.d.L. conceptualized the study. V.C.,  
S. Meiler, C.M.K. and S.L. curated the data. V.C. performed the analysis. 
O.L. and O. Ghasemi peer-reviewed the code. V.C., S.B., J.B., C.B., 
E.W.M., M.S.S. and the TISP Consortium acquired funding. V.C.,  
S. Meiler, C.M.K., S.L., N.G.M., S.B., J.B., C.B., M.J., E.W.M., S. Mihelj, 
N.O., M.S.S., S.v.d.L. and the TISP Consortium conducted the 
investigation. V.C., S. Meiler, C.M.K., S.L., N.G.M., O.L., S.B., J.B., C.B., 
M.J., E.W.M., S. Mihelj, N.O., M.S.S. and S.v.d.L. discussed the design, 
methods and results. V.C. administered and supervised the project. 
V.C., S. Meiler, C.M.K., S.L., N.G.M., S.B., J.B., C.B., E.W.M., M.S.S. and 
the TISP Consortium collected data. V.C. wrote the original draft. V.C., 
S. Meiler, C.M.K., S.L., N.G.M., D.N.B., O.L., S.B., J.B., C.B., M.J., E.W.M., 

http://www.nature.com/natureclimatechange


Nature Climate Change

Article https://doi.org/10.1038/s41558-025-02372-4

S. Mihelj, N.O., M.S.S., S.v.d.L. and the TISP Consortium reviewed and 
edited the paper draft.

Funding
Open access funding provided by Swiss Federal Institute of 
Technology Zurich.

Competing interests
The authors declare no competing interests.

Ethics statement
The questionnaire used for this study was considered exempt from full 
IRB review by the Harvard University Area Committee on the Use of 
Human Subjects in November 2022 (protocol number IRB22-1046).

Additional information
Supplementary information The online version  
contains supplementary material available at  
https://doi.org/10.1038/s41558-025-02372-4.

Correspondence and requests for materials should be addressed to 
Viktoria Cologna.

Peer review information Nature Climate Change thanks Miaomiao Liu, 
Matto Mildenberger and the other, anonymous, reviewer(s) for their 
contribution to the peer review of this work.

Reprints and permissions information is available at  
www.nature.com/reprints.

http://www.nature.com/natureclimatechange
https://doi.org/10.1038/s41558-025-02372-4
http://www.nature.com/reprints









	Extreme weather event attribution predicts climate policy support across the world

	Current study

	Support for climate policies

	Subjective attribution

	Exposed population and policy support

	Interaction effects with income and residence area

	Discussion

	Online content

	Fig. 1 Global evidence of the support for climate policies.
	Fig. 2 Subjective attribution of extreme weather events to climate change (mean index) over the past decades.
	Fig. 3 Exposed population across countries over the past few decades.
	Fig. 4 Weighted blockwise multilevel models predicting climate policy support.
	Fig. 5 Interactions between subjective attribution and exposed population to extreme weather events on climate policy support.


